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Abstract: Leaf nutrient levels are traditionally quantified by laboratory chemical analysis, which is time-consuming and requires
intensive labor and investment. The objective of this study was to predict the moisture content (MC) and nutrient content of peanut
leaves from color parameters (CIE Lab) using a chromameter. This method is faster and requires less labor and investment compared
to laboratory chemical analysis. Fifty peanut leaf samples were collected from a commercial peanut field. The samples were analyzed
for MC, N, P, K, Ca, Mg, Fe, Mn, Zn, and Cu concentrations after color parameters were acquired by chromameter. A positive and high
correlation was found between MC and brightness (L*; r = 0.91) and MC and yellowness (b*; r = 0.95). The results show the possibility
of predicting the MC of peanut leaves from color data (R2 = 0.88). A strong relationship was also observed between the measured and
predicted levels of P and K based on the PLS2 regression model (R2 = 0.88 and R2 = 0.90, respectively). P and K concentrations of peanut
leaves can be predicted from the color parameters to within approximately ±0.03% and ±0.15%, respectively. In contrast to MC, P, and
K, concentrations of N, Mg, Mn, Zn, and Cu had only moderate correlation, and Fe concentration had the lowest correlation with color
parameters (|r| ≤ 0.27).
Key words: Chromameter, color, deficiency, leaf, nutrient, peanut, stress

1. Introduction
Peanut (Arachis hypogaea L.) is one of the crucial oilseed
crops. Its seeds contain high amounts of edible oil
(43%–55%) and protein (25%–28%) (Reddy et al. 2003).
In 2009 peanuts were grown on about 23.5 × 106 ha for
a total production of about 35.5 × 106 t (with shell) and
an average yield of about 1510 kg ha–1 worldwide (http://
faostat.fao.org). China, India, Nigeria, the United States,
and Myanmar were the top 5 peanut producing countries
in 2009 (http://faostat.fao.org). In Turkey, peanut is one
of the major oilseed crops and is grown on about 25,330
ha for a total production of about 90,000 t and an average
yield of 3550 kg ha–1 in 2009 (www.tuik.gov.tr). It is
grown primarily in the Çukurova region of Turkey, which
includes Adana, Osmaniye, and Mersin provinces.
Crops are subjected to various biotic and abiotic
stresses including nutrient deficiency, drought, salinity,
extreme temperatures, plant diseases, weeds, and pests
(Fujita 2006). Sufficient soil nutrient levels are essential for
good growth and high yield. Over-fertilization may cause
excessive nutrient levels in the soil, leading to toxicity in
plants. As a result of intense chemical application, surface
* Correspondence: sgkeskin@mku.edu.tr
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and groundwater pollution has become an important issue
in the last 2 decades (Ongley 1996; Harrison 1998; Ray
2003; Keskin 2004).
The fertilizer application rate is usually determined
by either soil or plant tissue analysis. However, these
techniques require many samples, leading to excessive
labor, time, and cost. Another disadvantage of current
sampling methods is that it takes several days to obtain
the laboratory results. In addition, these methods require
professional laboratories. Therefore, there is a need for a
method that can be used even by farmers to determine
the nutrient content of a sample quickly, easily, and
inexpensively (Rodriguez and Miller 2000; Keskin 2004;
Vellidis and Lowrance 2004). Spectroradiometry and nearinfrared (NIR) spectroscopy have been used to determine
the levels of some nutrients in samples; however, the high
cost and complexity of the equipment prevents their use in
practice (Rodriguez and Miller 2000; Keskin et al. 2004).
Therefore, systems with low cost and ease of operation are
needed to detect nutrient deficiency.
Stress results in a change in the reflectance
characteristics of the plant leaves because it affects their
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utilization of light radiation (Knipling 1970; Guyot 1990;
Carter 1993; Campbell 1996). Therefore, it is possible
to predict the presence and severity of stress from the
reflectance response of the plant. Several studies have been
carried out on this subject. Bausch and Duke (1996) found
that the NIR/green reflectance ratio was a good predictor
of nitrogen for corn (R2 = 0.70). Stone et al. (1996) used a
sensor utilizing reflectance from red and NIR bands with
good correlation for total nitrogen uptake in winter wheat
(R2 = 0.81). Utilizing a reflectance sensor, Sui et al. (1998)
correctly classified 91% of cotton plants as nitrogendeficient. Taylor et al. (1998) reported 60% fertilizer
savings in a variable-rate nitrogen application based on
readings of Bermuda grass with a reflectance-based sensor.
Keskin et al. (2004) used 4 wavelength bands at 550,
680, 770, and 810 nm to predict nitrogen content of golf
course turfgrass clippings (R2 > 0.82). Keskin et al. (2008)
developed a portable sensor to predict the visual quality of
turfgrass plots from the reflectance of red and NIR bands
(R2 = 0.60). Burchia et al. (2010) treated Asiatic lily plants
with K-sulfate and/or sucrose and evaluated tepal colors
by portable spectrocolorimeter in CIE L*a*b* coordinates;
treatment resulted in significant improvements in color
quality. Ulissi et al. (2011) estimated nitrogen concentration
of tomato leaves by VIS-NIR nondestructive spectroscopy
with a significantly high correlation (r = 0.94). Antonucci
et al. (2011) estimated the maturity status of 2 mandarin
fruit cultivars using a VIS-NIR spectrophotometer (r >
0.80 for titratable acidity and total soluble solids).
There are limited studies involving the use of reflectance
in the assessment of stress in peanut. Nutter et al. (1990)
reported that reflectance from a handheld multispectral
radiometer correlated more closely with pod yield than
visual disease assessments. Similarly, Nutter and Littrell
(1996) suggested that reflectance from healthy peanut
canopies has a better relationship with pod yield than leaf
spot disease assessments. Samdur et al. (2000) reported
that correlation between chlorophyll meter readings and
chlorophyll content was highly significant for chlorophyll
a, chlorophyll b, and total chlorophyll in groundnut (r >
0.90). Bronson et al. (2004) reported that reflectance data
responded to fertilizer applications as chlorophyll meter
readings were positively affected by nitrogen. Sullivan
and Holbrook (2007) found significant correlation
between reflectance and drought as well as yield; however,
the relationship with aflatoxin contamination was less
consistent. Carley et al. (2008) reported that canopy
reflectance could potentially aid in predicting pod
maturation.
Chromameters or colorimeters are used to measure
the color parameters (generally, brightness, redness, and
yellowness) of samples in many different applications
including paints, inks, plastics, textiles, food, plants,

beverages, pharmaceuticals, and cosmetics (Konica
Minolta 2005, 2007). In addition to chlorophyll meters,
radiometers, spectrophotometers, and spectroradiometers,
chromameters can also be used to identify the nutrient
contents of plants. However, no previous study on
chromameter use to detect nutrient deficiencies in peanut
leaves was found. This work is the first study to investigate
the relationship between chromameter color parameters
and moisture content and multiple nutrient contents of
peanut leaves.
The objective of this research was to study the
possibility of predicting the moisture content and nutrient
contents of peanut leaf samples from the color parameters
as measured by a chromameter.
2. Materials and methods
2.1. Study field
The leaf samples were collected from a commercial peanut
field with an area of approximately 5 ha (approximately 200
m × 250 m). The field was located in an area about 20 km
south of the city of Ceyhan, Adana Province, in the eastern
Mediterranean region of Turkey (36.9395°N, 35.8921°E,
elevation: 25 m). The soil texture of the field was clayey,
and the peanut variety selected was Virginia NC-7.
2.2. Leaf samples
On 12 July 2008 just before the flowering stage, 50 leaf
samples were collected from the test field. In addition, 4
soil samples were collected from the field. The approximate
positions of the leaf and soil sampling points are depicted
in Figure 1. Each leaf sample bundle included about 100
peanut leaves. Leaf samples were stored in plastic bags
and immediately transferred to a laboratory for color
measurements.
2.3. Color measurements
The colors of sampled leaves were quantified by
chromameter (Minolta CR-400, Konica Minolta, Osaka,
N
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Figure 1. Locations of sampling points for leaf (+) and soil
samples (x).
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Japan). Each sample included about 100 peanut leaves,
and the leaves were randomly placed in groups of 5 leaves
for a total of 20 leaf groups. First, 5 leaves were stacked
on top of each other, and then color measurements were
conducted for each leaf group. Following measurement,
the mean of 20 readings was calculated as the average
color data for that sample and used in data analysis.
Color measurements were carried out on the same day
as leaf sampling. The color meter was set to CIE Standard
Illuminant C. Color parameters (L*, a*, and b* values)
were measured to describe 3-dimensional color space and
interpreted as follows:
L*: brightness, 0% (no reflection) for black-colored
objects and 100% for white-colored objects;
a*: redness, with negative values for green and positive
values for red; and
b*: yellowness, with negative values for blue and
positive values for yellow.
The chromameter sends light from its light source to the
specimen; the reflected light is measured using 3 photocells
that determine red, green, and blue color components. The
microcomputer inside the meter then calculates the color
parameters and displays the values on a monitor (Konica
Minolta 2005). The chromameter uses the tristimulus
color-sensing method based on the 3-component theory
of color vision for the human eye, which senses 3 primary
colors (red, green, and blue) and perceives all colors as
mixtures of these 3 primary colors (Yiming 2003). After
performing the color measurements samples were sent to
a laboratory for chemical analysis. Pictures of the samples
were taken before color measurement using a 2 MP digital
camera.
2.4. Leaf and soil analysis
After color measurement, the fresh leaf samples were
weighed and then dried at 70 °C for 48 h. After measuring
the dry weight of the samples the wet-based moisture
content was calculated for each of the 50 samples using the
following equation:
MC = [(Mw – Md) / Mw] × 100,
where MC = moisture content (%); Mw = wet mass, or
mass of the sample before drying (g); and Md = dry mass,

or mass of the sample after drying (g).
Soil and plant tissue analyses were carried out at the
Plant Nutrition Laboratory of the Department of Soil
Science and Plant Nutrition of the Faculty of Agriculture of
Mustafa Kemal University. After washing with 1/2000 HCl
solution and rinsing with distilled water, the leaf samples
were dried at 70 °C for 48 h. The dried samples were
ground, and 0.5 g of each sample was burnt at 550 °C in a
muffle furnace for 5 h. The resulting ash was extracted with
1/30 HCl and filtered. The Ca, K, P, Na, Mg, Fe, Cu, Mn,
and Zn concentrations of the samples were determined by
inductively coupled plasma atomic emission spectrometry
(ICP-AES; Varian Liberty Series II, axially viewed). Plant
N content was measured according to Bremner (1965)
by the Kjeldahl method. The available P level of the soil
samples, Olsen-P, was extracted with 0.5 M NaHCO3 at pH
8.5 in a 1:20 soil-to-solution ratio, and P concentration of
supernatants was colorimetrically determined by ascorbic
acid method at 882 nm wavelengths (Shimadzu 1240
UV/VIS Spectrometer) (Kuo 1996). Ammonium acetateextractable K, Ca, and Mg (Brown and Warncke 1988)
content of the soils was determined by AAS. Available Fe,
Zn, Cu, and Mn concentrations were obtained through
DTPA extraction by ICP-AES (Lindsay and Norvell 1978).
Total soluble salt calculated as pH from the resistance of
saturation mud by conductivity meter was determined by
pH meter in saturation mud. Soil analysis results from the
4 samples are presented in Table 1. The soil texture was
clayey.
2.5. Data analysis
Correlation coefficients were calculated among color
parameters, moisture content, and nutrient levels of
the leaf samples in MS Excel (Microsoft Corporation,
Redmond, WA, USA). For spectroscopic multivariate
reflectance data in which the reflectance variables are not
orthogonal, principal component regression (PCR) or
partial least squares (PLS) regression are the appropriate
modeling methods as opposed to multiple linear regression
(Esbensen 2009). PLS regression offers better performance
than PCR in most practical applications and is a powerful
alternative to PCR (Esbensen 2009). PLS regression has 2

Table 1. Analysis results of the 4 soil samples.
Sample

P (%)

K (%)

Ca (%)

Mg (%)

Cu (ppm)

Fe (ppm)

Mn (ppm)

Zn (ppm)

pH

Lime (%)

1

0.0008

0.039

0.97

0.22

2.8

4.5

18.6

0.20

7.68

10.3

2

0.0006

0.049

1.09

0.23

2.4

4.0

14.2

0.25

7.73

12.8

3

0.0009

0.055

0.91

0.28

2.6

3.5

16.2

0.25

7.97

17.5

4

0.0005

0.042

0.97

0.26

2.6

3.8

13.0

0.25

7.69

16.9

Mean

0.0007

0.046

0.98

0.24

2.60

3.94

15.48

0.24

7.77

14.38
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different versions, PLS1 and PLS2 (Esbensen 2009). PLS1
is appropriate if there is only 1 Y variable (leaf MC and
nutrient contents), while PLS2 should be used when the
number of Y variables is greater than 1 (Martens and
Martens 2001; Esbensen 2009). PLS2 was used for the
development and validation of the models as the data had
more than 1 Y variable, MC and 9 leaf nutrients (N, P, K,
Ca, Mg, Fe, Mn, Zn, and Cu).
Unscrambler multivariate statistics software (Version
10.1, Camo, Oslo, Norway) was used in the analysis. The
color parameters L*, a*, and b* were treated as X variables
while the MC, N, P, K, Ca, Mg, Fe, Mn, Zn, and Cu contents
were treated as Y variables in the model development. Data
were weighted by using the factor 1/StdDev; the division
of each Y variable by its standard deviation so that each
variable has the same chance to influence the predictive
models regardless of units (percent, ppm) (Esbensen
2009). Full cross-validation was used for model validation.
The root mean square error of calibration (RMSEC), root
mean square error of prediction (RMSEP), R2, and beta
coefficients of the models were calculated in the data
analysis (Esbensen 2009).

The pictures of 3 different samples are shown in Figure
2. The sample on the left (Sample #01) appears dark green
while the one in the middle (Sample #19) has light green
leaves, and the one on the right (Sample #13) has chlorotic
yellow leaves. The sample on the left appears healthy; the
samples in the middle and on the right appear unhealthy.
In particular, the sample on the right appears to have a very
severe problem. The leaves have light yellow color and the
leaf veins remain green, which represents a Fe deficiency
generally seen in soils with high pH values (FFTC 2011).
The Fe concentration of this sample (Sample #13) was 36.2
ppm, which is low compared to the sufficiency level of
50–250 ppm, based on the findings of Chapin (2011). Soil
test results revealed that the soil in the study area had an
average pH of 7.77 (Table 1), which is much higher than the
recommended pH value for peanut (5.8–6.5) (Chapin 2011).
Correlation coefficients among color parameters, MC,
and nutrient levels of the leaf samples were also studied
(Figures 3 and 4). The highest correlation coefficients were

3. Results
The minimum, maximum, mean, and standard deviation
values for MC and nutrient concentrations of the leaf
samples were studied and compared with the sufficiency
levels obtained by Chapin (2011) (Table 2). It was observed
that N, Ca, Mg, and Mn concentrations were within normal
ranges, while the concentrations of P and Cu were low and
K, Fe, and Zn were very low compared to sufficiency levels.

Figure 2. Examples of 3 different samples (left: Sample #01,
healthy looking dark green leaves; middle: Sample #19, light
green leaves; right: Sample #13, unhealthy yellow leaves).

Table 2. Minimum, maximum, mean, and standard deviation values and sufficiency levels for the moisture
content and nutrient levels of leaf samples.
Nutrient

Minimum

Maximum

Mean

Std. dev.

Sufficiency
levels*

Comment

MC (%)

70.73

82.66

76.32

3.31

-

-

N (%)

2.74

4.72

3.70

0.38

3.50–4.50

Normal

P (%)

0.09

0.24

0.12

0.03

0.20–0.50

Low

K (%)

0.31

1.16

0.55

0.22

1.70–3.00

Very low

Ca (%)

0.65

1.22

0.85

0.12

0.50–2.00

Normal

Mg (%)

0.50

0.82

0.66

0.08

0.30–0.80

Normal

Fe (ppm)

20.28

70.53

37.03

8.97

50–250

Very low

Mn (ppm)

22.08

49.22

33.97

5.28

20–350

Normal

Zn (ppm)

7.75

15.30

10.13

1.57

20–60

Very low

Cu (ppm)

2.85

6.98

3.98

0.76

5–20

Low

*From Chapin (2011).
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Correlation plots for color parameters L*a*b* versus MC
(%) and P (%) and K (%) levels are presented in Figure
4. K concentration had a high and positive correlation
with brightness (L*; r = 0.94) and yellowness (b*; r = 0.86),
while it had a relatively lower correlation with redness (a*;
r = 0.53) (Figures 3 and 4). The correlation coefficient for
P concentration had high and positive values for all 3 color
parameters, brightness (L*; r = 0.87), yellowness (b*; r =
0.73), and redness (a*; r = 0.71). The results showed a high
correlation between color parameters and the K and P
concentrations of peanut leaves, pointing to the possibility
of predicting the levels of these nutrients from color data
(r > 0.53 and r > 0.71, respectively).
The 3 color parameters (L*, a*, and b*) were then
used to develop models to predict the MC and 9 nutrient
content variables using the PLS2 regression method
simultaneously. It was observed that L* and b* values were
strongly and positively correlated with P, K, and MC values,
while they had negative and lower correlations with Fe and
Mn (Figure 5). In the first factor of the PLS2 model, 70%
of the variation in color data was able to predict 46% of the
Y variation. With the first 2 factors of PLS2, it was possible
to predict 55% (45% + 9%) of the Y variation by all 3 color
measurements (Figure 5).

1.0
Correlation Coefficient

0.8
0.6
0.4
0.2
0.0

MC

–0.2
–0.4

N

P

K

Ca

Mg Fe

Mn Zn

Cu

L*
a*(g/r)
b*(b/y)

–0.6
–0.8
–1.0

Figure 3. Correlation coefficients among color parameters,
moisture content, and nutrient levels of leaf samples.

found between MC and the color parameters L* and b*.
A positive and high correlation was found between MC
and brightness (L*; r = 0.91) and MC and yellowness (b*;
r = 0.95). The correlation was low between MC and redness
(a*; r = 0.21). In general, the correlation coefficient values
were lower for redness (a*) compared to the other 2 color
parameters of brightness (L*) and yellowness (b*) for MC
and most of the leaf nutrient contents (Figures 3 and 4).
80
60

80
L*

a*

b*

L* a* b*

L* a* b*

a*

b*

40

40
20

20

0

0

–20

–20

–40
70

L*

60

72

74

76
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80

–40
0.08
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0.11

0.14

MC (%)
80

L*
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40
L* a* b*

0.20

Correlation Coefficients (r)
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20
0

– 20
– 40
0.3

0.17
P (%)

0.5

0.7
K (%)

0.9

MC vs L*
MC vs a*
MC vs b*

0.91
0.21
0.95

P vs L*
P vs a*
P vs b*

0.87
0.71
0.73

K vs L*
K vs a*
K vs b*

0.94
0.53
0.86

1.1

Figure 4. Correlation plots of color parameters L*a*b* versus MC (%) and P (%) and K levels (%).
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The correlation between leaf MC and leaf nutrient
contents was also studied. A positive and relatively high
correlation was found between leaf MC and leaf N (r =
0.68), P (r = 0.76), K (r = 0.88), and Mg (r = 0.73) contents.
This means that when MC is high, the concentrations of
these minerals are also high in the leaves. The correlation
was positive and relatively lower for Ca (r = 0.61), Cu (r =
0.55), and Zn (r = 0.41). In addition, a negative correlation
was found between leaf MC and leaf Fe (r = –0.20) and Mn
(r = –0.62) contents; when MC is low, the concentrations
of these minerals in the leaves are high.

1
0.8
Factor-2 (30%, 9%)

0.6
0.4
0.2
0

–0.2
–0.4
–0.6
–0.8
-1
-1

0.2 0.4
–0.8 –0.6 –0.4 –0.2
0
Factor-1 (70%, 46%)

0.6

0.8

1

4. Discussion
Samdur et al. (2000) reported that Fe-deficiency chlorosis is
an important problem in peanut farming, and sometimes it
is so severe that the entire plant becomes yellow or paperywhite and may even die, resulting in high yield losses.
Vara Prasad et al. (2000) reported that iron chlorosis was
one of the major nutritional disorders in the calcareous
and sandy soils of arid and semiarid regions, noting
that calcareous soils had high potential for Fe chlorosis
and that peanut is susceptible to Fe deficiency in these
regions. Singh et al. (1995) reported that excess irrigation
increased chlorosis, causing reductions in nutrient uptake
in peanut and leading to a pod yield reduction of 15.9%–
32.3%. The study also found that application of iron and
sulfur fertilizers caused regreening of chlorotic leaves.
We found in our study that Fe concentration and K and
Zn concentrations were very low compared to sufficiency
levels (Table 2). The soil in the study area had an average
pH of 7.8, which is much higher than the recommended
pH value of 5.8–6.5 for peanut (Chapin 2011).

Figure 5. Factor 1 versus factor 2 plot of the PLS2 regression
of color parameter (X) variables and leaf nutrient content (Y)
variables.

The PLS2 regression model parameters including
RMSEC, RMSEP, R2, and beta coefficients were also
calculated (Table 3). The highest correlation was obtained
for the prediction of MC, P, and K contents (R2 = 0.880,
0.881, and 0.898, respectively); the lowest correlation was
for Fe content (R2 = 0.107). RMSEP values were 1.147%,
0.012%, and 0.069% for MC, P, and K contents, respectively.
Predicted versus measured data plots for P and K
contents from the PLS2 model are given in Figure 6. A
high correlation was observed between the measured and
predicted levels of P and K (R2 = 0.881 and R2 = 0.898,
respectively). Leaf P content can be predicted from the 3
color parameters to within approximately ±0.03% (Figure
6). Similarly, leaf K content can be predicted from the 3
color parameters to within ±0.15% (Figure 6).

Table 3. PLS2 regression results for prediction of leaf MC and nutrient contents from leaf color data.
Calibration

Prediction

Beta coefficients

RMSEC

R

RMSEP

R

B0

L*

a* (g/r)

b* (b/y)

MC

1.093

0.889

1.147

0.880

61.973

0.148

–0.071

0.199

N

0.300

0.371

0.333

0.299

3.231

0.011

0.026

0.011

P

0.011

0.899

0.012

0.881

0.123

0.001

0.006

0.001

K

0.065

0.910

0.069

0.898

0.131

0.010

0.023

0.010

Ca

0.089

0.429

0.093

0.338

0.288

0.003

–0.017

0.005

Mg

0.057

0.455

0.060

0.408

0.362

0.002

–0.005

0.004

Fe

8.179

0.153

8.578

0.107

64.392

–0.092

1.048

–0.227

Mn

4.126

0.376

4.389

0.328

51.356

–0.150

0.227

–0.218

Zn

1.202

0.400

1.289

0.387

10.663

0.039

0.218

0.029

Cu

0.486

0.579

0.532

0.556

4.382

0.023

0.130

0.016

2

2
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Figure 6. Predicted versus measured P and K contents from PLS2 model.

The results of previous studies in different plants
revealed that MC was related to the reflectance in both
visible and near infrared bands (Tucker 1977; Hatchell
2009). In a study conducted by Tucker (1977), leaf water
content was best estimated in the bands of 460–500 nm,
630–690 nm, and 740–800 nm regions for grass canopy.
Most significant water absorption bands are located
in the near infrared bands at about 740 nm, 820 nm,
950 nm, 1130 nm, 1440 nm, and 1900 nm (Hatchell 2009).
However, research into the relationship between color
parameters obtained by chromameter and MC of peanut
leaves is limited. Penuelas and Inoue (1999) reported a
high correlation between reflectance and water content
of peanut and wheat; reflectance in both visible and
near infrared bands increased at all wavelengths with
decreasing leaf water content from a fully turgid to dry
state. The results of our study showed the possibility of
predicting the MC of peanut leaves from the L* and b* leaf
color data based on the visible bands (r = 0.91 and r = 0.95,
respectively).
There are very limited studies on the prediction of
nutrient contents of peanut leaves from reflectance. Our
study is the first dealing with the assessment of both
moisture and multiple nutrient contents from color
parameters of peanut leaves using a chromameter. We
found high correlation between color parameters and MC,
P, and K concentrations. Previous studies investigated the
use of reflectance to select drought- and aflatoxin-resistant
peanut genotypes (Sullivan and Holbrook 2007), studied
pod maturation (Carley et al. 2008), investigated disease
and pod yield (Aquino et al. 1992), and correlated pod
yield (Nutter et al. 1990). Bronson et al. (2004) reported
that chlorophyll meter readings were positively affected
by leaf N and P. Similarly, Samdur et al. (2000) reported
that correlation between chlorophyll meter readings and
chlorophyll content was highly significant for chlorophyll
a, chlorophyll b, and total chlorophyll in groundnut (r >
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0.90). Madeira et al. (2003) found high correlation (R2 ≥
0.93) between a colorimeter measuring light reflectance
at 400–700 nm and a chlorophyll meter that determines
light transmittance at 650 nm and 940 nm for estimating
chlorophyll content of sweet pepper leaves, reporting that
both instruments may be used to estimate chlorophyll
content and leaf color. Chlorophyll content is related to
the amount of nutrients such as nitrogen, magnesium,
sulfur, calcium, manganese, and zinc (Shaahan et al.
1999).
White and Scoggins (2005) reported that hue values
correlated positively with both percent shoot N (R2 =
0.348) and percent shoot P (R2 = 0.310), and chroma
values correlated negatively with both percent shoot N (R2
= 0.478) and percent shoot P (R2 = 0.534) in Tradescantia.
They concluded that hue cannot be used to predict the
percent shoot N or P since correlation values were low. The
correlation values for chroma and percent shoot N and P
were slightly higher but still not significant enough for use
as predictors of shoot N and P concentrations.
Adams et al. (1998) reported distinct color differences
as measured by chromameter, resulting from different N
and S fertilizer application levels in poinsettia. Hytonen
and Wall (2006) studied foliar color as an indicator of
nutrient status (N, P, K, Mg, Ca, Mn, Fe, Zn, and B) of
Scots pine using a chromameter. They found that the color
of fresh needle tips was the best indicator of simultaneous
deficiencies in P and K, while deficiencies in N and B were
not successfully detected.
Menesatti et al. (2010) evaluated citrus tree nutritional
status of N, P, K, Ca, Mg, Fe, Zn, and Mn using a VIS-NIR
spectrophotometer with PLS regression. They found the
best model for single reference chemicals (r = 0.995) and
tests (r = 0.991) for K. Results also showed high efficiency
in the determination of N. For all chemical parameters
taken together, analyzed elements yielded correlations
from 0.883 for Mg to 0.481 for P. Burchia et al. (2010)
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reported that treatment of Asiatic lily plants with K-sulfate
and/or sucrose resulted in significant improvements in
tepal color quality, as evaluated by spectrocolorimeter in
CIE L*a*b* coordinates.
Our study is the first assessing both MC and multiple
nutrient contents from color parameters in peanut leaves.
We found a high correlation between color parameters and
MC, P, and K concentrations. On the other hand, results
showed moderate correlation between N, Mg, Mn, Zn, and
Cu contents and color parameters, and Fe content had the
lowest correlation (|r| ≤ 0.27) (Figure 3). Fe content affects
the greenness of the leaves, especially younger leaves
(Keskin et al., 2004); however, the range of Fe content in
the leaves was 20.28–70.53 ppm, and the optimum range is
50–250 ppm (Table 2). This could be one of the reasons for
low Fe content and color parameter correlation.
The study was carried out in one field. Although
promising results were obtained, further studies are
needed in order to validate the results or generalize to
other fields and different conditions.

In conclusion, a positive and high correlation was found
between MC and brightness (L*; r = 0.91) and MC and
yellowness (b*; r = 0.95). The results show the possibility
of predicting moisture content of peanut leaves from the
color data (R2 = 0.88). A strong relationship was observed
between the measured and predicted levels of P and K
based on the PLS2 regression model (R2 = 0.88 and R2 =
0.90, respectively). P and K concentrations of the peanut
leaves can be predicted from the 3 color parameters to
within approximately ±0.03% and ±0.15%, respectively. In
contrast to MC, P, and K concentrations, the concentrations
of N, Mg, Mn, Zn, and Cu had moderate correlation with
the color parameters, and Fe concentrations had the lowest
correlation (|r| ≤ 0.27).
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